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Abstract: In view of the problems of low quality, blurred borders and excessive artifacts generated by
unsupervised monocular depth estimation, a deep network encoder-decoder structure based on dense feature
fusion is proposed. A Dense Feature Fusion Layer(DFFL) is designed and it is filled with U-shaped encoder-
decoder in the form of dense connection, while simplifying the encoder part to achieve a balanced performance
of the encoder and decoder. During the training process, the calibrated stereo pair is input to the network to
constrain the network to generate disparity maps by the similarity of reconstructed views. During the test
process, the generated disparity map is converted into a depth map based on the known camera baseline
distance and focal length. The experimental results on the KITTI data set show that this method is superior to

the existing algorithms in terms of prediction accuracy and error value.
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